Dramatic changes of forests have strong influence on regional and global carbon cycles, biodiversity, and ecosystem services. Understanding dynamics of forests from local to global scale is crucial for policymaking and sustainable development. In this study, we developed an updating and object-based image analysis method to map forests in Northeast China using Landsat images from 1990 to 2015. The spatio-temporal patterns of forests were quantified based on resultant maps and geospatial analysis. Results showed that the percentage of forested area occupying the entire northeast China was more than 40%, about 94% of initial forest cover remained unchanged (49.37 × 10 4 km 2 ) over the course of 25 years. A small net forest loss (1051 km 2 ) was observed during 1990-2015. High forest gain (10,315 km 2 ) and forest loss (9923 km 2 ) both occurred from 2010 to 2015. At the provincial level, Heilongjiang demonstrated the highest rate of deforestation, with a net loss of 1802 km 2 (0.89%). Forest changes along elevation, slope, and distance from settlements and roads were also investigated. Over 90% of forest changes occurred in plains and low mountain areas within the elevation of 200-1000 m and slope under 15 • . The most dramatic forest changes can be found within the distance of 2000 m from settlements and roads. The reclamation of sloping land, construction of settlements and roads, and possible smallholder clearing contributed more to forest loss, while ecological projects and related government policies play an important role on afforestation and reforestation. These results can provide useful spatial information for further research on the driving forces and consequences of forest changes, which have critical implications for scientific conservation and management of forests.
Introduction
Forests cover nearly one-third of the world's area [1] and changes in forests have strong influence on biodiversity, carbon cycles, water supply, climate change, and ecosystem service [2, 3] . High accuracy forest maps are needed for supporting investigation of the changes in carbon fluxes, carbon stock, and ecosystem services by scientists and managers [4] . However, considerable uncertainties still exist in the spatial distribution of forest cover and deforestation from local to global scale [5] . Accurate and 
Landsat Imagery
The entirety of northeast China is covered by 105 Landsat image footprints (Path 113-126 and at each time period. We used a total of 536 Landsat TM/ETM+/OLI images (30 m resolution) with less than 10% cloud cover to map forests in northeast China from 1990 to 2015, most of which were acquired from late May through early October. These images were freely downloaded from the USGS Earth Resources Observation and Science (EROS) data center [30] . In this study, atmospheric correction and geometric correction were performed for all images to 
The entirety of northeast China is covered by 105 Landsat image footprints (Path 113-126 and at each time period. We used a total of 536 Landsat TM/ETM+/OLI images (30 m resolution) with less than 10% cloud cover to map forests in northeast China from 1990 to 2015, most of which were Forests 2019, 10, 937 4 of 19 acquired from late May through early October. These images were freely downloaded from the USGS Earth Resources Observation and Science (EROS) data center [30] . In this study, atmospheric correction and geometric correction were performed for all images to improve the radiation and geolocation precision through ENVI software. In the rough terrain areas, ASTER GDEM (30 m resolution) acquired from the USGS website [31] was used for image ortho-rectification.
Forest Mapping with an Updating and Object-Based Image Analysis (OBIA) Approach
Object-based image analysis (OBIA) has become increasingly popular for land cover classification over the last decade [32] and is proven to be economical and efficient at large scale through use of more effective, transparent, and repeatable analytical processes [33] . The updating approach has potential to update land cover dataset effectively [34, 35] , which integrate the post-classification and change detection approaches [36] . To achieve the goals of our forest classification, we integrated the updating approach and OBIA to map forests from 1990 to 2015 shown in Figure 2. shown in Figure 2 .
Firstly, we produced the forest map of northeast China (NECF-2010) using Landsat images (30 m) from 2010 and the OBIA approach demonstrated in a previous study in northeast China [7] . The first step of the OBIA is to implement multi-scale segmentation; image objects were created through segmenting pixels by specified parameters: scale, shape, and compactness. The segmentation parameters were tested and the scale parameter was set to be 30. The shape, compactness factors and image layer weights were empirically optimized to ensure the best results for delineation of forests for each scene of imagery. The classification rules were generated based on the statistical analysis of the training areas from the field surveys and images. The mean normalized difference vegetation index (NDVI) and mean enhanced vegetation index (EVI) was calculated to identify forest objects. Visual interpretation and manual editing based on expert knowledge largely contributed to the modification of omission and commission errors of forests. In this study, eCognition Developer 8.64 was used to perform OBIA for forest classification.
This NECF-2010 map served as a thematic layer for the segmentation of image in 2015. This process will limit the generated objects to across any of the borders separating thematic classes of NECF-2015 map. Change detection in the OBIA was implemented to identify change and no change objects; and the details of this approach were documented in previous studies [36, 37] . The final forest map of 2015 was produced from the merged layer with change and no change objects, which have been assigned corresponding attributes. The forest maps for 1990, 2000, and 2015 were generated separately using the updating and OBIA approach, from which we determined the gain, loss, and consistency of forests from the spatial analysis of forest maps. Firstly, we produced the forest map of northeast China (NECF-2010) using Landsat images (30 m) from 2010 and the OBIA approach demonstrated in a previous study in northeast China [7] . The first step of the OBIA is to implement multi-scale segmentation; image objects were created through segmenting pixels by specified parameters: scale, shape, and compactness. The segmentation parameters were tested and the scale parameter was set to be 30. The shape, compactness factors and image layer weights were empirically optimized to ensure the best results for delineation of forests for each scene of imagery. The classification rules were generated based on the statistical analysis of the training areas from the field surveys and images. The mean normalized difference vegetation index (NDVI) and mean enhanced vegetation index (EVI) was calculated to identify forest objects. Visual interpretation and manual editing based on expert knowledge largely contributed to the modification of omission and commission errors of forests. In this study, eCognition Developer 8.64 was used to perform OBIA for forest classification.
This NECF-2010 map served as a thematic layer for the segmentation of image in 2015. This process will limit the generated objects to across any of the borders separating thematic classes of NECF-2015 map. Change detection in the OBIA was implemented to identify change and no change objects; and the details of this approach were documented in previous studies [36, 37] . The final forest map of 2015 was produced from the merged layer with change and no change objects, which have been assigned corresponding attributes. The forest maps for 1990, 2000, and 2015 were generated separately using the updating and OBIA approach, from which we determined the gain, loss, and consistency of forests from the spatial analysis of forest maps.
Accurate field survey samples are critical to ensure reliable algorithms and valid results of classification [38] . Two rounds of field survey were conducted from July to September in 2011 and 2015 to collect ground reference data. The location of each field sample was documented by a global positioning system (GPS), with errors less than 10 m [7] . The field samples in 2011 included 1177 forest points and 1021 non-forest points, and the samples collected in 2015 included 971 forest points and 1083 non-forest points. Because of the lack of ground reference data in 1990 and 2000, 3066 samples were collected by visual inspection from very high resolution images available within Google Earth. The reference data gained in 1990, 2000, 2010, and 2015 consisted of 1531, 1535, 2198, and 2054 samples, respectively. The accuracy of the forest maps was assessed using ground reference data mentioned above. The overall accuracy, producer's accuracy, user's accuracy, and Kappa coefficient of classification were calculated for accuracy assessment.
Data Analysis
In this study, the definition of forest was adapted from the classes set by the United Nations Intergovernmental Panel on Climate Change (IPCC) [39] , which specified tree cover >20% and tree height exceeding 0.5 m (Table 1) . The quantity and pattern of forest changes in northeast China were quantified from 1990 to 2015. We defined a complete removal of tree cover as forest loss and the establishment of tree cover from a non-forest condition as forest gain at pixel level [3] . Then we generated maps of forest loss, forest gain, and stable and non-stable forest in northeast China by intersecting the forest maps between adjacent time periods. Forest change patches were classified into eleven groups with different patch size, i.e., 0-0.25, 0.25-0.5, 0.5-0.75, 0.75-1, 1-5, 5-10, 10-15, 15-20, 20-25, 25-50 , and >50 ha. Patch number and accumulated area of forest change patches were calculated to explore the characteristics of fragmentation. Change areas within each province at different periods were calculated to identify period of dramatic change and hotspots among those provinces. Furthermore, we analyzed the spatial distribution of forest changes related to topographical factors and land accessibility (distance to settlements and roads). The elevation and slope attributes were obtained from DEM data (30-m) for the patches of forest changes. The elevations were classified into eight groups, i.e., 0-200, 200-400, 400-600, 600-800, 800-1000, 1000-1500, 1500-2000, and >2000 m. Slope gradients were classified into nine groups, i.e., 0-2.
and >35 • . The above classifications for topographic factors were used to examine the geographical characteristics of forest changes through overlaying forest change maps with topographic data. Settlements data were extracted from the ChinaCover dataset produced by the Chinses Academy of Sciences (CAS) [40] , which has an overall accuracy greater than 94% [41] . The patches of settlements smaller than 5 km 2 were eliminated, then the patches of villages, towns, and cities were kept for distance analysis. Roads, including railway and highway, were provided by National Geomatics Center of China (www.ngcc.cn) at a scale of 1:250000. The distance analysis between forest changes and the location of settlements and roads were conducted by Near Analysis of the ArcGIS software.
Additionally, the resultant forest map was compared with the other five forest products for the year of 2010 to discuss the uncertainty of forest mapping with remote sensing. The detailed information about these freely available forest products is presented in Table 1 along with our Landsat-based NECF map. We calculated and compared their forest areas at the provincial level in northeast China. The root mean square error (RMSE) was selected to illustrate the differences between Landsat-based forest map and the other forest products: where, x i is the forest area of the ith province from the Landsat-based forest map in 2010; y i is the forest area of the ith province from the selected forest product in 2010; n is the total number of provinces in northeast China. 
Results

Accuracy Assessment
Accuracy of the forest maps from 1990 to 2015 were assessed using the field validation points ( Figure 1 ). The results revealed that the forest maps had reasonably good accuracies ( Table 2) . Forests had overall accuracies (OA) of 91%, 92%, 93%, and 94%, and the Kappa coefficients of 0.85, 0.87, 0.90, and 0.91 in 1990, 2000, 2010, and 2015, respectively. The producer accuracies (PA) were 91%, 95%, 93%, and 94%, and the user accuracies (UA) were 89%, 91%, 94%, and 94% in these resultant maps, respectively. This result indicated that it was feasible to monitor dynamics of forests based on these resultant forest maps in the four examined time periods. 
Spatial and Temporal Changes of Forests in Northeast China
Total mapped forest areas in northeast China were 51.0 × 10 4 km 2 , 50.66 × 10 4 km 2 , 50.86 × 10 4 km 2 , and 50.90 × 10 4 km 2 , for 1990, 2000, 2010, and 2015, respectively ( Figure 3 ). The percentage of forested area occupying the entire northeast China fluctuated from 40.85% to 41.13%. The forest maps from 1990 to 2015 had good spatial consistency (Figures 4 and 5 ). The stable forest area from 1990 to 2015 was about 49.37 × 10 4 km 2 accounting for 94.02% of the total forest area and was mainly distributed in mountainous regions and surrounding lowlands ( Figure 4 ). Forest gain and forest loss between 1990 and 2015 were spatially displayed in Figure 5 . Few changes were found from 1990 to 2015, but fragmented change patches were observed in the transition areas between mountains and plains. Figure 6 shows the patch number and accumulated area of forest changes at different patch size levels. The largest patch number of forest changes was observed in the group of 0-0.25 ha followed by the group of 1-5 ha. Patch numbers of forest loss and forest gain less than 10 ha occupied 92% of total forest change patches in this study. Accumulated areas of forest changes within the group of patch size larger than 50 ha was highest compared with other groups. Accumulated areas of the groups patch size <5 ha were relatively smaller than other groups.
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Gains Losses Net Change
Geospatial Variation of Forest Changes in Northeast China
The geospatial characteristics of forest changes were investigated along elevation, slope, and distance from settlements and roads (Figures 8-10 ). Nearly 90% of forest changes were found in plains and low mountain areas within the elevation of 200-1000 m and slope under 15 • (Figure 8 ). The region within the elevation of 600-800 m experienced the largest forest loss, followed by the regions with elevation of 400-600 m and 200-400 m. Forest gain was mainly concentrated within the elevation of 400-1500 m, occupying approximately 88% of total forest gains. In terms of slope, forest gain and loss were larger than 3000 km 2 at the slope group of 0-2.5 • , 2.5-5 • , and 5-8 • , and they contributed more than 70% to the changes of forests. Furthermore, with the increase of slope, change area of forests gradually decreased. The geospatial characteristics of forest changes were investigated along elevation, slope, and distance from settlements and roads (Figure 8-10 ). Nearly 90% of forest changes were found in plains and low mountain areas within the elevation of 200-1000 m and slope under 15° (Figure 8 ). The region within the elevation of 600-800 m experienced the largest forest loss, followed by the regions with elevation of 400-600 m and 200-400 m. Forest gain was mainly concentrated within the elevation of 400-1500 m, occupying approximately 88% of total forest gains. In terms of slope, forest gain and loss were larger than 3000 km 2 at the slope group of 0-2.5°, 2.5-5°, and 5-8°, and they contributed more than 70% to the changes of forests. Furthermore, with the increase of slope, change area of forests gradually decreased.
Areas of forest changes decreased in a power function with the increasing distance from settlements and roads (Figure 9-10) . The most dramatic forest changes can be found the closest to settlements and roads. Forest gain and loss larger than 50 km 2 were observed within the distance of 2000 m from settlements and roads. The influence of settlements and roads on forest loss was much more significant than on forest gain due to the larger coefficient of determination (R 2 ) of forest loss. Moreover, the distance from roads had stronger impacts on forest changes compared with settlements attributed to the larger change areas and R 2 ( Figure 10 ). The geospatial characteristics of forest changes were investigated along elevation, slope, and distance from settlements and roads (Figure 8-10 ). Nearly 90% of forest changes were found in plains and low mountain areas within the elevation of 200-1000 m and slope under 15° (Figure 8 ). The region within the elevation of 600-800 m experienced the largest forest loss, followed by the regions with elevation of 400-600 m and 200-400 m. Forest gain was mainly concentrated within the elevation of 400-1500 m, occupying approximately 88% of total forest gains. In terms of slope, forest gain and loss were larger than 3000 km 2 at the slope group of 0-2.5°, 2.5-5°, and 5-8°, and they contributed more than 70% to the changes of forests. Furthermore, with the increase of slope, change area of forests gradually decreased.
Areas of forest changes decreased in a power function with the increasing distance from settlements and roads (Figure 9-10) . The most dramatic forest changes can be found the closest to settlements and roads. Forest gain and loss larger than 50 km 2 were observed within the distance of 2000 m from settlements and roads. The influence of settlements and roads on forest loss was much more significant than on forest gain due to the larger coefficient of determination (R 2 ) of forest loss. Moreover, the distance from roads had stronger impacts on forest changes compared with settlements attributed to the larger change areas and R 2 (Figure 10 ). Areas of forest changes decreased in a power function with the increasing distance from settlements and roads (Figures 9 and 10) . The most dramatic forest changes can be found the closest to settlements and roads. Forest gain and loss larger than 50 km 2 were observed within the distance of 2000 m from settlements and roads. The influence of settlements and roads on forest loss was much more significant than on forest gain due to the larger coefficient of determination (R 2 ) of forest loss. Moreover, the distance from roads had stronger impacts on forest changes compared with settlements attributed to the larger change areas and R 2 (Figure 10 ). 
Discussion
Forest Dynamics and Potential Drivers in Northeast China
Our Landsat-based results showed that the forests in northeast China decreased by 1051 km 2 , about 42.04 km 2 y −1 during 1990-2015. Despite this decline, northeast China's forest coverage remains 41 percent of total land area, which is higher than China's average of 21.63% [45] and the world's average of 31% [11] . From the perspective of net change in different periods, forest area in northeast China shifted from net loss during 1990-2000 to net gain during 2000-2015 (Table 2) . Based on statistical datasets of the sixth-ninth national forest inventory, forest land has increased from 34.67 million ha in 1999 to 37.63 million ha in 2013 in northeast China, which only includes the provinces of Heilongjiang, Jilin, and Liaoning [46] . Forest land mentioned in those statistical datasets was defined as the land classified for forestry use, including forest, non-forest land, shrub land, and open forest land [45] . Compared with these reports, our estimates also showed an increase of forest area from 34.38 million ha in 2000 to 34.73 million ha in 2015. But amplitude of variation in forest area is not as large as in statistics, probably due to the criterion of forest cover extraction from Landsat images, which need reach a 0.5 m height threshold and > 20% tree cover at pixel level (Table 1 ). It has also been reported that the previously observed drastic decrease in the area of natural forests has now been reversed in northeast China [8] . At the provincial level, relatively sharp net loss in HLJ (1802 km 2 ) and net gain in JL (1057 km 2 ) were found and the corresponding annual change rate was 72 km 2 y −1 and 42 km 2 y −1 , respectively. Although all of the provinces of northeast China had the highest change rate between 2010 and 2015, the rates were much lower than the expansion rate of forests in China between 2010 and 2015 (1.5 × 10 4 km 2 y −1 ) [47] .
Forest changes were observed in different zones with distinct geographic characteristics. The regions with an elevation of 400-800 m, slope under 8°, and <2000 m distance from settlements and roads were highly vulnerable to deforestation (Figures 7-9) , where the lands are suitable for crop cultivation or convenient for human activities with high land accessibility. In the mountainous area of east Jilin Province, Kuang et al. found that forest changes mainly took place in the area with elevation of 300-900 m and slope between 0-11° during the period 1954-2000 [48] . An estimated two billion ha of forests is degraded worldwide [49] , which is largely induced by agricultural expansion and urban sprawl [11, 50, 51] . It is preferable for cropland to be located in low elevations and on small slopes, for example, 67.4% of the cropland in China was distributed in the area of elevation less than 500 m [52] . During 1990-2000, the largest deforestation occurred in northeast China in which 1.26 million ha of forests was turned into cropland [52] . Cropland expansion was also considered as the main direct cause for deforestation in northeast China during 1977-2013 [53] . Man et al. also confirmed that the regions with low elevation and small slopes facilitated to transform forests into cropland in northeast China during 1990-2013 [54] . Consequently, forest loss in northeast China was highly related with the reclamation of sloping land. 
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Forest Dynamics and Potential Drivers in Northeast China
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Forest changes were observed in different zones with distinct geographic characteristics. The regions with an elevation of 400-800 m, slope under 8 • , and <2000 m distance from settlements and roads were highly vulnerable to deforestation (Figures 7-9) , where the lands are suitable for crop cultivation or convenient for human activities with high land accessibility. In the mountainous area of east Jilin Province, Kuang et al. found that forest changes mainly took place in the area with elevation of 300-900 m and slope between 0-11 • during the period 1954-2000 [48] . An estimated two billion ha of forests is degraded worldwide [49] , which is largely induced by agricultural expansion and urban sprawl [11, 50, 51] . It is preferable for cropland to be located in low elevations and on small slopes, for example, 67.4% of the cropland in China was distributed in the area of elevation less than 500 m [52] . During 1990-2000, the largest deforestation occurred in northeast China in which 1.26 million ha of forests was turned into cropland [52] . Cropland expansion was also considered as the main direct cause for deforestation in northeast China during 1977-2013 [53] . Man et al. also confirmed that the regions with low elevation and small slopes facilitated to transform forests into cropland in northeast China during 1990-2013 [54] . Consequently, forest loss in northeast China was highly related with the reclamation of sloping land. Furthermore, the expansion of settlements and the construction of infrastructures have been linked to deforestation [55] . The distribution of settlements and roads could strongly influence the pattern of forest changes due to the construction of such infrastructures and consequent human-induced disturbances. An exponential relationship between forest changes and distance to the nearest settlements and roads were observed in the mountainous area of east Jilin Province [48] . The coefficient for the nearest distance to city and forest area in the forestry farms of northeast China was estimated to be −0.981, which indicates that forest farms near the timber markets and large cities would undergo more deforestation [8] . Our result also evidenced that the nearest distance to settlements had more forest loss within 4000 m from settlements. Urban growth is positively and significantly correlated with forest loss, due to high consumption levels and increasing demand for agricultural products in the urbanized area, which is likely to exacerbate pressure to clear forests [50] . The most obvious impact of roads is increased human access to interior forest areas [56] . Sun explored the impacts of roads on landscape pattern in the Genhe watershed of Greater Khingan Mountains and found that the area of forests declined significantly within the 2 km buffer of roads; these forest areas were mostly converted into cropland [57] . Similarly, the largest forest loss and gain were found within 2000 m from the nearest roads in our study, which clearly reflected the spatial impacts of roads on forest changes. Many of the areas with significant forest gains were found to be the recently logged areas [12] . Land accessibility to roads was strongly related to forest gains when the expansion of agriculture was limited to deforested areas [27] . In addition, the construction of roads and other infrastructures not only directly leads to a reduction of forested area, but also causes fragmentation of intact forest landscapes, which would lead to subsequent consequences in relation to landscape transformation and loss of conservation values [58] .
Although the conditions of forest fragmentation in northeast China were not as serious as other forested areas in China [59] , the fragmented patches of forest changes could affect the pattern and quality of forests in this region. The resultant maps (Figures 4 and 5) clearly show that there are a large number of small change patches mostly distributed in the transition areas between mountains and plains ( Figure 5 ). It was reported that 86% of the total intact forest area reduction was due to fragmentation by disturbances (logging, clearing and fires) and infrastructure development in Southeast Asia [58] . Small-scale clearing is the second largest disturbance type in some states of the Brazilian Legal Amazon [55] . In our estimates, smallholder clearing defined by patch size less than 10 ha accounted for nearly 10% of total forest loss and is the third largest contributor to deforestation in northeast China (Figure 6b ). This kind of clearing was largely related with the scattered distribution of forests around rural settlements and the logging ban project in northeast China. Commercial logging was controlled by the central government since the late 1990s and changed to being completely banned after 2015 [60] . After the logging ban, legally logging was only allowed by local people for non-commercial use with strictly limitation. Therefore, fragmented logging may be more likely implemented due to smallholder clearing around the rural areas. northeast China had the lowest forest fragmentation at the regional scale [59] , but large increase in human-induced disturbances would lead to relatively high levels of fragmentation. From 1954-2010, the large forest patch decreased with small forest patch increased which evidenced the forest fragmentation in the upstream region of the Nenjiang River Basin [61] . The similar fragmentation process of forests in the mountainous area of east Jilin Province was also observed during 1954-2000 [48] . Liu et al. [62] classified the northeast region of China as the most problematic area of forest fragmentation based on 138 previous studies' data. Thus, the fragmentation induced by natural and human-induced disturbances in this region should draw much more attention from government and scientists. This is because increases in fragment number and decreases in fragment size both have major consequences on the habitats of species and forest fragment edges [28] .
Government policy also plays an important role in the transition of forests, particularly in developing countries [63] . Northeast China has experienced excessive logging and reclamation of forests from 1978 to 1998, which were triggered by both national economic reforms and the broadening of international relations [9] . With the rising awareness of ecological sustainability of forests and its significance to global changes, China launched a series of forest-restoration-related programs; several programs were formally implemented since 1998 in northeast China (Figure 11 ), for example, the Natural Forest Conservation Program (NFCP), the Three North Shelter Forest System Program (TNSP), the Desertification Control Program, and the Grain-for-Green Program (GFGP) [10, 11, 64] . The NFCP exhibited a significantly positive relation with forest gain in China [12] and new forests converted from previous cropland were mostly attributed to the Grain-for-Green Program, which aims to return marginal cropland to forest land initiated since 2000 [65] . In 2014, the State Forestry Administration (SFA) issued the prohibition of commercial logging in natural forests in Heilongjiang, which historically produced over 30% of China's round wood. On the basis of Heilongjiang's experience, the prohibition was extended to other northeast provinces in 2015 [55] . The timber harvesting levels in northeast China declined from 59.72 million m 3 in 1996-2000 [66] to 35.67 million m 3 in 2006-2010 [67] . Illegal timber cutting and logging were effectively controlled [9] . The small net gain of forests from 2000 to 2015 estimated by this study also confirmed previous studies' conclusion concerning the restoration of forests in northeast China. In general, government policy and implementation of related ecological programs were main drivers for the afforestation and reforestation in northeast China [48] . forests and its significance to global changes, China launched a series of forest-restoration-related programs; several programs were formally implemented since 1998 in northeast China (Figure 11 ), for example, the Natural Forest Conservation Program (NFCP), the Three North Shelter Forest System Program (TNSP), the Desertification Control Program, and the Grain-for-Green Program (GFGP) [10, 11, 64] . The NFCP exhibited a significantly positive relation with forest gain in China [12] and new forests converted from previous cropland were mostly attributed to the Grain-for-Green Program, which aims to return marginal cropland to forest land initiated since 2000 [65] . In 2014, the State Forestry Administration (SFA) issued the prohibition of commercial logging in natural forests in Heilongjiang, which historically produced over 30% of China's round wood. On the basis of Heilongjiang's experience, the prohibition was extended to other northeast provinces in 2015 [55] . The timber harvesting levels in northeast China declined from 59.72 million m 3 in 1996-2000 [66] to 35.67 million m 3 in 2006-2010 [67] . Illegal timber cutting and logging were effectively controlled [9] . The small net gain of forests from 2000 to 2015 estimated by this study also confirmed previous studies' conclusion concerning the restoration of forests in northeast China. In general, government policy and implementation of related ecological programs were main drivers for the afforestation and reforestation in northeast China [48] . 
The Uncertainty of Forest Mapping with Remote Sensing
Quantifying and mapping forest changes with remote sensing is critical for sustainable management of forests but remains considerable uncertainties [4] . Three main factors were determined which might be responsible for the uncertainty of different forest products, referring to the definition of forests, data sources, and the classification algorithms [14] . In terms of the definition of forests, thresholds of woody vegetation cover and tree height were defined and varied among different forest products (Table 1) . These criteria in the forest definition are conceptual, so the estimates of forest area differ, even with the same definition. Furthermore, variables in the definition are difficult to precisely measure with moderate resolution remote sensing data for large areas [7, 16] . Different spatial resolution (fine and coarse), acquisition date and sensors (optical and microwave) of remote sensing data would inevitably lead to high uncertainties of forest classification. From fine (30 m) to coarse spatial resolution (300-500 m), these remotely sensed images have large discrepancy 
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Limitations and Future Work
The long-term Landsat-based forest maps generated in this study provide accurate and updated estimates of forest cover in northeast China. However, our results only reflect general forest cover dynamics, without information on forest structure, tree height or approximate age of observed forests. Optical sensors are more sensitive to horizontal forest structures such as canopy closure and density. It is difficult to accurately retrieve or extract vertical structure parameters using only the visible spectral bands of Landsat images. On the other hand, sufficient field 
The long-term Landsat-based forest maps generated in this study provide accurate and updated estimates of forest cover in northeast China. However, our results only reflect general forest cover dynamics, without information on forest structure, tree height or approximate age of observed forests. Optical sensors are more sensitive to horizontal forest structures such as canopy closure and density. It is difficult to accurately retrieve or extract vertical structure parameters using only the visible spectral bands of Landsat images. On the other hand, sufficient field investigation samples are needed to support the identification of low dense and high dense forest or young and mature forest. However, we have limited field samples with these attributes in northeast China. Recently, intelligent algorithms have been applied for these parameters' retrieval with limited training data, but the efficiency, feasibility and accuracy at large scale need to be explored in the future work. Nowadays, the integration of optical data and microwave data, as well as application of Google Earth Engine (GEE), bring great opportunity for obtaining high accuracy forest maps at regional or global scales. Image fusion and robust classification algorithms should be considered a priority for improved estimates of forest areas and their changes. In addition, our study demonstrated a small net loss of forests and certain afforestation due to ecological projects in northeast China. However, systematic monitoring related with forest quality or vegetation response to climate change and human activities are rarely reported in this region. Future work should be based on stronger and more robust datasets to explore those questions and finally provide reliable information for policymaking.
Conclusions
Forests in northeast China are important to the nation for timber supply, biodiversity conservation, ecological security, and potential carbon sequestration. However, spatial precision information is still limited in the pattern and changes of forests across northeast China, which highlights the needs to the production of accurate and up-to-date forest maps with fine spatial resolution. We proposed an updating and object-based image analysis approach to generate accurate forest maps in northeast China using long-term Landsat images. The spatio-temporal dynamics of forests and geographical patterns of forest changes were quantified based on resultant maps and geospatial analysis. Our study revealed that forests in northeast China exhibited a stable trend and relatively high forest loss and gain were observed during the period 2010-2015. Changes in forest area showed significant spatial variations across the provinces. Topographical gradients such as elevation and slope, and land accessibility (by settlements and roads) were found to strongly influence the spatial pattern of forest changes in northeast China. Human activities, such as the reclamation of sloping land, construction of settlements and roads, and possible smallholder clearing, were identified as the major influencing factors for the loss of forests in northeast China. Forest-restoration-related programs and policies contributed more to afforestation and reforestation. The 30-m Landsat-based forest cover maps generated in this study can provide sufficient spatial information on deforestation, afforestation and fragmentation conditions of forests across northeast China. Such information is necessary for developing sustainable forest management policies, especially relating to biodiversity conservation and prevention of ecosystem fragmentation. In addition, the resultant maps can also serve as baseline data for predicting future trends of forest changes, planning ground-based investigation, and establishing carbon cycle and biodiversity models.
